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A B S T R A C T   
Agricultural training programs remain one of the primary mechanisms for disseminating modern and climate- 
smart technologies with the aim to improve the welfare outcomes of smallholder farmers. With persistent low 
agricultural productivity in Sub Saharan Africa (SSA), the content, effectiveness, and mode of delivery of training 
programs remain a debate. In this paper, we examine the adoption, productivity, and income effects of 
participating in a novel comprehensive agricultural training program (CATP) involving cowpea farmers in 
northern Ghana by using the endogenous switching regression (ESR) model. The CATP requires farmers to 
complete a set of modules on good agronomic practices to gain informal certification. The results indicate that 
participating in the CATP increases the adoption of climate-smart cowpea varieties, productivity, and cowpea 
income by 75, 15, and 24% points, respectively, compared to their mean levels. These positive welfare effects of 
participating in the CATPs confirm the need to increase capacity-enhancing activities in agricultural develop-
ment projects, and design mechanisms to eliminate barriers to participation among rural farm households.   
1. Introduction 
In developing countries, most households depend on the agricultural 
sector for livelihood support. Yet, persistent low agricultural produc-
tivity and limited transformation of the food system are significant 
hurdles to improving welfare [1,2]. Several past and current develop-
ment interventions prioritize increasing agricultural productivity as a 
viable pathway to improving farmers’ welfare. These interventions 
include increasing access to technologies such as fertilizer, improved 
seed varieties, and technical knowledge [3,4]. Agricultural training 
programs that boost human capital remain one of the mechanisms for 
improving the knowledge of farmers on emerging technological in-
novations [5,6]. However, there is limited consensus on the effective-
ness of existing training approaches. For example, whereas the training 
and visit agricultural extension approach is often criticized as a 
top-down approach, there is limited agreement on the effectiveness of 
other models, such as farmer field schools (FFS) [7]. While some 
empirical analysis has found positive impacts of FFS on yield and in-
come, other studies suggest the opposite [7–9]. This study aims at 
contributing to evidence-based research on the impact of a compre-
hensive agricultural training programs (CATPs) on the adoption of 
climate-smart cowpea varieties, yield, and income. 
Improving the technical skills of farmers using appropriate training 
methods is particularly crucial in Sub Saharan Africa (SSA) where 
agricultural productivity and farm incomes are low (). Despite the 
growing body of evidence, the number of capacity building in-
terventions in Africa outweighs the number of studies that assess the 
effects of such interventions on the welfare of recipients [8]. Most 
studies have focused on FFS, farmer-to-farmer extension, or the use of 
model farmers [8,10]. In this study, we argue that despite the impor-
tance of these approaches, farmer participation may not necessarily 
translate into capacity building. Farmers’ participation in agricultural 
programs may be active or passive depending on several factors, such as 
education level, income, and social networks [4,11]. Moreover, it is 
possible that farmers do not complete all of the training module (e.g., 
modules from seed selection to postharvest). In such circumstances, 
analyzing the impact of training on welfare may not be an accurate 
reflection given that full and partial participants may have different 
outcomes when compared to non-participants. 
A multidisciplinary research team from the Savanna Agricultural 
Research Institute (SARI) of Ghana’s Council for Scientific and Industrial 
Research (CSIR) initiated a community training school in 2017. The 
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research team selected 1300 farmers from 52 districts in northern Ghana 
and provided them with a year-long intensive farming training program 
on cowpea production and storage. The specific training modules 
included identification of quality seed, storage of cowpea seed, use of 
inoculant, planting (timing and method of planting, namely, row 
planting and spacing), effective weed management practices, pest 
management practices, soil fertility management methods, fertilizer 
application (method, quantity, and timing), suitable harvesting methods 
(timing and methods), and postharvest management practices (proper 
storage methods, such as using hermetic or triple-layered bags). The 
research team in collaboration with local extension officers, combined 
both practical field demonstration and formal adult learning techniques 
to train selected farmers. Local extension officers act as a backstop and 
are a sustainable source of agricultural information. Strict protocols 
were discussed and adopted by the research team and participating 
farmers to ensure compliance and active participation. In addition, 
routine monitoring of the training program was carried out by local 
extension officers. 
Some earlier studies of the impacts on training programs did not 
explicitly address potential biases associated with non-random program 
placement and the selection of farmers [9]. Such studies do not 
adequately control for observed and unobserved differences that exist 
between trained and untrained farmers thereby making it difficult to 
draw conclusive statements given that communities, for example, may 
be chosen to participate in training programs because of fertile lands or 
conduciveness for crop production. Similarly, farmers who opt to 
participate in training programs may be those who are naturally more 
productive. Hence, a comparison of participants against nonparticipants 
may not provide a fair basis for constructing counterfactuals. A recent 
study by Ref. [10] using panel data showed that farmer-to-farmer 
training increased adoption of improved rice and yields among early 
trainees while subsequently trained farmers caught up belatedly. This 
study complements and expands existing empirical analyses by 
exploring how comprehensive agricultural training provided by a 
research institution impacts climate-smart cowpea adoption, produc-
tivity, and income. To the best of our knowledge, there is no other 
empirical study in Ghana that evaluates the impact of a novel training 
program on the welfare of rural households. 
This analysis evaluates the impact of a CATP on climate-smart 
cowpea variety adoption, yield, and cowpea income. In the absence of 
baseline information, the paper uses the endogenous switching regres-
sion (ESR) model to deal with both selection bias and unobservable 
factors that can lead to biased results. Subsequently, we estimate pro-
pensity score matching and inverse probability weighted regression 
adjustment as robustness checks. Our empirical estimates show that 
completing cowpea training modules increases adoption of climate- 
smart cowpea varieties, cowpea yield, and cowpea income by 75, 15 
and 24% points, respectively, compared to their mean levels. 
The rest of the paper proceeds as follows. In the next section, we 
provide a description of our data generation process and the variables in 
the model. Section 3 consists of our conceptual framework and estima-
tion strategies as well as a description of our main method of analysis, 
the endogenous switching regression model. We present and discuss our 
empirical estimates in Section 4 before presenting the conclusions and 
policy implications of our study in Section 5. 
2. Study area, sampling technique, and data 
Fig. 1 presents the map of the study area showing the location (dis-
tricts) of the farmers interviewed. This study uses farm household survey 
data collected in 2019 for the 2018/2019 cropping season from 320 
cowpea farmers in seven major cowpea growing districts (Tolon, Save-
lugu, Yendi, Bawku Municipal, Binduri, Wa West, and Nadowli) in 
northern Ghana. 
This study forms part of a more extensive study commissioned by 
ICRISAT and IITA under the project “Accelerated Varietal Improvement 
and Seed Delivery of Legumes and Cereals in Africa (AVISA).” The 
AVISA project aims at refocusing its work to improve the Consortium of 
International Agricultural Research Centers (CGIAR) and crucial Na-
tional Agricultural Research Systems (NARS) breeding and seed delivery 
systems. The AVISA initiative targets the most critical dryland cereals 
(sorghum and pearl millet) and legume crops (groundnut, common 
bean, and cowpea) on the African continent within the Bill and Melinda 
Gates Foundation (BMGF) focused geographies (Burkina Faso, Ghana, 
Mali, Nigeria, Tanzania and Uganda) where these crops are important. 
Capacity building is a significant component of the AVISA intervention. 
area showing the location (districts) of the farmers interviewed. 
The sampling1 procedure followed a multi-stage sampling technique 
to select 320 farmers in the Guinea and Sudan Savannah agro-ecological 
zones consisting of the Northern, Upper East, and Upper West regions of 
northern Ghana. In the first stage, seven districts were purposively 
selected from these regions based on the quantity of cowpea produced, 
as well as the accessibility and presence of active Farmer-based Orga-
nizations (FBOs). In the second stage, 20 communities were purposively 
selected from the Northern Region and 10 communities each from the 
Upper East and Upper West regions from a list of cowpea-producing 
communities in each of the selected districts based on the volume of 
cowpea production. Within the selected communities, eight cowpea 
producers were randomly selected from a list of cowpea producers. In 
all, 320 cowpea producers were selected from 40 communities within 
seven districts (Table 1). Fig. 1 presents the map of the study area 
showing the location (districts) of the farmers interviewed. 
A power test2 was conducted on the study’s sample. Given the 
intended power, we can derive the required sample size; and given the 
intended sample size, we can derive the resulting power. Following [12]: 
n = (N/1+Ne2), where N denotes the total population of farmers in 
northern Ghana, i.e., 4,228,116 farmers consisting of 2,479,461 from 
the Northern Region, 1,046,545 from the Upper East Region, and 702, 
110 from the Upper West Region [13]; e denotes the margin of error of 
the sample, namely, 0.05 (95% confidence level), and n denotes the 
sample size. The derived margin of error of the sample is 6% when the 
sample is 320 (implying a 94% confidence level). The result implies that 
we are 94% confident in the results obtained from the sample used for 
this study. Therefore, the sample is representative, and the results can be 
generalized for the population of farmers in the major 
cowpea-producing areas of northern Ghana. 
The process of data collection commenced with pre-testing of the 
survey instrument with feedback from the field interview used to refine 
the survey instrument. Enumerators were recruited, trained, and 
deployed to communities to conduct a household survey. The data used 
in this study contain detailed household demographic and socio- 
economic characteristics, such as sex, education, age, marital status, 
household size, nativity, and residential status. Farm characteristics 
include farming experience, farm size, type of crops cultivated, area 
owned and area under cultivation (including male and female-owned 
fields), and common fields. Social capital-related variables, namely, 
membership in a FBO, village savings and loan association (VSLA), or 
cooperatives, as well as access to a Member of Parliament or politician. 
1 The sampling frame consists of all cowpea producing districts in (former) 
northern Ghana consisting of Northern, Upper East, and Upper West regions. 
The zone is made up of 52 districts with 26 in Northern, 15 in Upper East and 
11 in Upper West regions. For more details on the top 10 cowpea producing 
districts, refer to the Ministry of Food and Agriculture (MoFA). (2017). Agri-
culture in Ghana Facts and Figures, 2016. Statistics, Research and Information 
Directorate (SRID) of MoFA, Accra. https://new-ndpc-static1.s3.amazonaws. 
com/CACHES/PUBLICATIONS/2016/04/16/AGRICULTURE-IN-GHANA-Facts 
+and+Figures-2010.pdf.  
2 The power of the test is the chance to reject the null hypothesis, given that 
the null hypothesis is false (i.e. given that the alternative hypothesis is true). It 
is the used to determine the sample size for a study. 
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Data on access to institutional and social amenities, such as access to 
agricultural extension services, district assembly, district capital, input 
factor markets, and output markets were also collected. Lastly, the 
survey captured data on participation in cowpea training. 
The mean and standard deviations of the variables used in the 
regression analysis and their definitions are presented in Table 2. Our 
choice of variables is based on the existing literature [3,4,7,10,11,14, 
and15]]. The study captures the welfare of the household in terms of 
yield, measured in kilograms per hectare, and cowpea income, 
expressed in Ghana cedi (GHS3). Participation in cowpea training is 
expected to build human capital that will translate into adoption of 
climate-smart cowpea varieties, higher yields, and therefore an increase 
in household crop income. The average adoption, yield, and cowpea 
income are 67%, 847.46 kg/ha and GHS1486.31 (US$277), respec-
tively. About 34% of sampled households participated in the cowpea 
training. The average farm household head is relatively young (44 years) 
belonging to the economically active age group and can therefore be 
expected to work for the next two decades. On average, 59% of farm 
households are headed by males. Household heads have an average of 
seven years of formal education and 20 years of farming experience. 
Household size is relatively large with an average of nine household 
members. With respect to social capital, about 19%, 53%, and 46% of 
farmers are members of a cooperative, FBO, and VSLA, respectively. The 
area under cowpea cultivation for the sampled farm household is 1.18 
ha and farmers travel an average distance of 3.85 km to access extension 
information. About 25% of farm households have access to a Member of 
Parliament or politician which proxies for access to both agricultural 
and other social safety programs promoted by the Government of Ghana 
with financial support from development partners. 
3. Methodology 
3.1. Conceptual framework and estimation strategies 
Participation in a CATP and its effect on the adoption of improved 
cowpea varieties, yield, and cowpea income are considered to be a 
stepwise decision-making process. The decision to participate in a CATP 
is a behavioral response and thus modelled as a random utility function, 
where a set of alternatives and constraints are faced by the decision- 
maker [14,15]. A risk-neutral utility maximizing cowpea grower, i de-
cides to participate in a CATP if the utility derived from training (UiA) 
exceeds that from otherwise (UiN), such that the difference (D*i ) between 
the two states is given by: 
D*i =UiA − UiN > 0 (1)  
where D*i is a latent variable that captures the expected benefit from the 
choice of participation in CATP concerning non-participation and can 
therefore be expressed as a function of observable components in the 
latent variable model below: 
D*i =Ziα + εi > 0 where Di =
{
1 if D*i > 0
0 otherwise,
(2)  
where D is a binary decision variable that equals to one if cowpea farmer 
chooses to participate in a CATP and equals zero otherwise; Z is a vector 
of household demographics, socio-economic, and farm-level character-
istics; α is a vector of parameters to be estimated; and εi is a random error 
term. In this paper, we define a cowpea trained farmer as any cowpea 
farmer who has completed all modules of the CATP. 
Participation in a CATP is expected to influence the adoption of 
Fig. 1. Study area indicating the data collection sites in northern Ghana.  
Table 1 
Distribution of sampled cowpea farmers by region.  






Northern 3 20 160 
Upper 
West 
2 10 80 
Upper East 2 10 80 
Total 7 40 320  
3 The exchange rate at the time of the survey in July 2019 is US$1 = GHS5.37 
(Bank of Ghana, 2019). 
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improved cowpea varieties, yield, and cowpea income. The outcome 
variable is expressed as a function of a vector, X, of variables and an 
endogenous adoption variable (D), such that: 
Yl =ωXi + δDi + μi (3)  
where Yi represents the outcome variables (adoption of improved 
cowpea varieties, yield and cowpea income), D is the participation 
variable defined previously, ω and δ are parameters to be estimated, and 
μ is an error term. Since farmers were not randomly assigned, estimates 
of δ will be biased. Trained farmers may be systematically different from 
non-trained farmers, which may bias the actual effect of training on the 
outcome variables [16]. Estimating equation (3) with ordinary least 
squares (OLS) produces biased estimates. Due to this shortcoming, 
several methods have been proposed for non-experimental data 
including propensity score matching (PSM), inverse probability 
weighted regression adjustment (IPWRA), instrumental variables, and 
endogenous switching regression (ESR) models. To correct this biased 
estimate, we employ an ESR model to address the endogeneity in 
participation in cowpea training due to self-selection. Nonetheless, we 
use both the PSM and IPWRA as robustness checks. Details of the 
empirical frameworks for PSM and IPWRA can be found in 
Ref. [3and17], respectively. 
3.2. Endogenous switching regression (ESR) 
Several studies have employed the ESR model [18–22]. Following 
[18], the ESR model consists of separate outcome equations for trained 
and non-trained farmers conditional on the choice of cowpea training 
decisions, namely: 
Regime ​ 1 ​ (Trained ​ in ​ CATP) ​ : Y1i = β1X1i + e1i if Di = 1 (4a)  
Regime ​ 2 ​ (Untrained ​ in ​ CATP) ​ : Y2i = β2X2i + e2i if Di = 0 (4b)  
where Y1i and Y2i are the outcome variables for trained and non-trained, 
X1i and X2i are household and farm level characteristics; β1 and β2 are 
parameters to be estimated for trained and non-trained farmers regimes, 
respectively; and e1 and e2 are random disturbance terms. 
For the ESR model to be identified, the variables in the choice model 
(equation (2)) must contain an exclusion restriction variable [23]. 
Following the example of [24–26], we use access to a member of 
parliament or whether a political figure resides in the constituency, 
district, or community as an instrument. Members of Parliament or 
politician can dictate the placement of developmental projects in their 
areas of jurisdiction and farmers who are related to or have access to 
such political figures are more likely to be included in agricultural 
development projects. This variable is likely to be correlated with the 
choice of participation in a CATP but is unlikely to have any direct effect 
on the outcome variables. The admissibility of the instrument is estab-
lished by performing a simple falsification test4 following the approach 
of [22]. 
Following the specification of [3], the error terms (εi, e1i, and e2i) are 
assumed to have a trivariate normal distribution with mean vector zero 


















where σ2ε = var (ε), which is assumed to be 1 since γ is only estimable up 
to a scale factor [27], σ2e1 = var (e1), σ
2
e2 = var(e2), σe1ε = cov (e1,ε), and 
σe2ε = cov (e2,ε). The covariance between e1 and e2 is not defined since 
Y1 and Y2 are never observed simultaneously [27]. The expected values 
of the error terms e1 and e2 can be expressed as: 
E(e1|Di = 1)= σe1ελ1 and (6)  
E(e2|Di = 0)= σe2ελ2 (7)  
where λ1 and λ2 are the inverse mils ratio (IMR) calculated from the 
selection equations (2) and included in the outcome equations (4a) and 
(4b) to correct for selection bias in a two-step estimation procedure 
known as the endogenous switching treatment regression model [27]. 
The new outcome equations for the two regimes can be specified as: 
Y1i = β1X1i + σe1ελ1 + ω1 if Di = 1 and (8)  
Y2i = β2X2i + σe2ελ0 + ω2 if Di = 0 (9) 
If σe1ε and σe2ε in equations (8) and (9) are statistically significant, 
then there is endogenous switching; otherwise, there is exogenous 
switching. The full information maximum likelihood (FIML) estimation 
approach is used by the study to estimate the selection and outcome 
equations simultaneously. This method is more efficient than the two- 
Table 2 
Variable name, description and summary statistics.  
Variable Definition Mean SD 
Dependent variable 
Adoption Adoption of improved cowpea 
varieties (1 = adoption) 
0.67 0.47 
Yield Cowpea yield (kg/ha) 2118.65 1488.93 
Crop Income Cowpea income (GHS) 1486.31 1227.99 
Treatment variable 




Age Age of household head (number of 
years) 
43.68 12.40 
Sex Sex of household head (1 = male) 0.59 0.49 
Education Number of years of formal education 6.98 4.68 
Size Household size 9.38 4.51 
Experience Years of farming experience 20.19 11.80 
Cooperative Member of cooperative (1 = yes) 0.19 0.39 
FBO Member of a farmer-based 
organization (1 = yes) 
0.53 0.50 
VSLA Member of a village savings and loan 
association (1 = yes) 
0.46 0.50 
Cowpea area Area under cowpea (hectares) 1.18 0.76 
Member of 
Parliament 
Access to Member of Parliament or 
politician (1 = yes) 
0.25 0.43 
Extension Distance to nearest extension service 
(km) 
3.85 7.85 
District level controls 
Tolon district Household is located in Tolon district 
(1 = yes) 
0.15 0.36 
Savelugu district Household is located in Savelugu 
district (1 = yes) 
0.18 0.38 
Yendi district Household is located in Yendi district 
(1 = yes) 
0.18 0.38 
Bawku Municipal Household is located in Bawku district 
(1 = yes) 
0.09 0.29 
Binduri district Household is located in Binduri district 
(1 = yes) 
0.16 0.37 
Wa West Household is located in Wa West 
district (1 = yes) 
0.13 0.33 
Nadowli district Household is located in Nadowli 
district (1 = yes) 
0.13 0.33 
Note: Exchange rate: US$1 = GHS5.37 (Bank of Ghana, 2019). 
4 A falsification test certifies the admissibility of the selection instrument as a 
valid instrument: If a variable is an appropriate selection instrument, it will 
affect the choice of participation in the CATP, but it will not affect the welfare 
or outcomes variables [28]. Our results indicate that the instrument can be 
considered as valid given that it is statistically significant in the participation in 
the CATP equation (equation (2)) but not significant in the outcome equations 
(equation (4b)) (Table A1). 
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step procedure [29,30]. The coefficients from the ESR model can be used 
to derive the average treatment effect on the treated (ATT) and the 
average treatment effect on the untreated (ATU) by comparing the ex-
pected values of the outcomes of participation and non-participation in 
actual and counterfactual scenarios. The ATT, ATU, base heterogeneity 
(BH), and transitional heterogeneity (TH) are calculated following [22, 
23]. Detailed representations of the calculations are reported in Ref. [3]. 
3.3. Non-parametric regression and stochastic dominance analysis 
The study employs a non-parametric local polynomial regression to 
establish the existing relationship between the outcome variables and 
the CATP. We also use the stochastic dominance analysis (SDA) to 
compare the cumulative distributions of adoption, cowpea yields, and 
cowpea income among participants and non-participants of the CATP. 
This method focuses on the distribution of the mean and the variance of 
the economic measures (adoption, yield, and cowpea income) for 
households matched based on their propensity score of participation 
within the region of common support. This paper used the first two 
orders of stochastic dominance to differentiate between participation 
and non-participation in cowpea training. Following the definitions by 
Ref. [31], the first-degree stochastic dominance (FSD) order states that if 
one cumulative distribution is to the left of another cumulative distri-
bution for all levels of the outcome variable of interest, then partici-
pating households with the distribution to the right would stochastically 
dominate those to the left. The second stochastic dominance (SSD) order 
assumes that human beings are risk averse and prefer to avoid lower 
outcomes. Graphically, a technology would stochastically dominate in 
the analysis if the area under its cumulative probability curve is smaller 
at every outcome level compared to the curve of the alternative [31]. 
The test for first-order stochastic dominance is conducted using the 
nonparametric Kolmogorov–Smirnov test. 
4. Results and discussion 
4.1. Descriptive statistics 
Table 3 reports the mean values of our outcome and explanatory 
variables by training status. The results indicate that trained farmers 
recorded significantly higher adoption (78% vs. 62%) of climate-smart 
cowpea varieties and obtained higher yields (888.13 kg/ha vs. 826.45 
kg/ha) compared to non-trained farmers, although the difference in 
yields is not statistically significant. Trained farmers recorded statisti-
cally significantly higher cowpea income (US$307) than non-trained 
farmers (US$261). Concerning the explanatory variables, trained 
farmers were significantly distinguishable in terms of age, member of a 
FBO, member of a VLSA, area under cowpea cultivation, and location 
(Savelugu and Wa West districts). Trained household heads are on 
average four years older than non-trained household heads. About 15% 
and 11% more trained household heads belong to a FBO and VSLA, 
respectively, compared to non-trained household heads. The area under 
cowpea cultivation controlled by trained farmers is 0.41 ha more than 
non-trained farmers. 
Fig. 2 shows the result of the non-parametric local polynomial 
regression that establishes a relationship between the following: adop-
tion of climate-smart cowpea variety and area for trained farmers (panel 
A), adoption and area for non-trained farmers (panel B); cowpea yield 
and area for trained farmers (panel C), cowpea yield and area for non- 
trained farmers (panel D); cowpea income and area for trained 
farmers (panel E); and cowpea income and area for non-trained farmers 
(panel F). A smooth, positive trend is observed between adoption and 
area cultivated among trained farmers while a fluctuation is observed 
among non-trained farmers. The result highlights the importance of 
training in technology adoption. Consistent with the literature [3,32], 
we observed a negative relationship between cowpea yield and area 
under cultivation for trained and untrained farmers who cultivate less 
than 2 ha. This result indicates that farm households with relatively 
small landholdings are more likely to increase their productivity, espe-
cially in areas where mechanization support is absent. Panel E shows 
that among trained farmers, cowpea income and area exhibit a positive 
relationship for all areas of cowpea, but the observed pattern is different 
for non-trained cowpea farmers (panel F). The positive relationship only 
holds for non-trained farmers that have below 2.8 ha. Cowpea income 
decreases with farm size for non-trained farmers who own more than 
2.8 ha under cowpea cultivation. No conclusive statement can be 
inferred given that other factors that might influence adoption, yield and 
cowpea income are not controlled in the local polynomial regression. 
Table 4 shows the quintile distribution of adoption, cowpea yield, 
and cowpea income disaggregated by participation in the CATP. Trained 
farmers recorded a consistently higher rate of adoption of climate-smart 
cowpea varieties than non-trained farmers, with the majority of the 
trained farmers within the third and fourth quintiles of the adoption 
distribution. Apart from the second and fourth quintiles of yield distri-
bution, trained farmers recorded higher yields than non-trained farmers. 
However, the fifth quintile of non-trained farm households did not re-
cord any yield indicating a share of zero. Similarly, trained farmers have 
a relatively higher income than non-trained farmers. The first quintile 
(poorest) of the sample farm households recorded 4% (trained) and 5% 
(non-trained) of the total cowpea income relative to the fifth quintile 
(richest) who recorded 46% of the total cowpea income. The poorest 
trained farmers recorded higher yields than the poorest non-trained 
farmers, but the poorest non-trained farmers received relatively higher 
cowpea income than the poorest trained farm households. The results 
may be attributed to differences in the market price received by the 
poorest non-trained farmers compared to the poorest trained farmers. 
4.2. Stochastic dominance results 
The stochastic dominance analysis (SDA) is restricted to households 
matched based on their propensity score of participation whose distri-
bution and region of common support ranges from 0.0195 to 0.9997 
(Figs. 3–5). Households outside the region of common support were 
dropped. The good overlap between the density distribution of pro-
pensity scores for participants and non-participants of the CATP justifies 
the use of PSM and the basis for comparison using the SDA. Fig. 6 shows 
Table 3 












0.67 0.78 0.62 0.16*** 
Yield (kg/ha) 847.46 888.13 826.45 61.68 
Crop Income (GHS) 1486.31 1648.30 1402.63 245.67* 
Explanatory variables 
Age 43.68 46.58 42.18 4.40*** 
Sex 0.59 0.58 0.60 − 0.02 
Education 6.98 7.06 6.93 0.13 
Size 9.38 9.88 9.12 0.76 
Experience 20.19 21.63 19.45 2.19 
Cooperative 0.19 0.15 0.21 − 0.06 
FBO 0.53 0.63 0.48 0.15*** 
VSLA 0.46 0.53 0.42 0.11* 
Cowpea area 1.18 1.45 1.04 0.41*** 
Parliament member 0.25 0.28 0.23 0.06 
Extension 3.85 4.49 3.53 0.96 
Tolon district 0.15 0.13 0.16 − 0.03 
Savelugu district 0.18 0.33 0.09 0.25*** 
Yendi district 0.18 0.17 0.18 − 0.01 
Bawku Municipal 0.09 0.08 0.09 − 0.01 
Binduri district 0.16 0.12 0.18 − 0.06 
Wa West 0.13 0.07 0.15 − 0.08** 
Nadowli district 0.13 0.09 0.14 0.05 
Note: Exchange rate: US$1 = GHS5.37 (Bank of Ghana, 2019). 
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the cumulative distribution functions (CDFs) for cowpea yield and crop 
income for trained and untrained cowpea farmers. The results indicate 
that yield and crop income of participants stochastically dominate those 
of non-participants at yields below 1,000 kg/ha of yield and crop income 
below GHS4,000 (US$745). However, for cowpea yields above 1,000 
kg/ha and crop income above GHS5,100 (US$950), the CDFs of both 
participants and non-participants are almost the same, but the crop in-
come of non-participants stochastically dominate that of the participants 
for crop income ranging from GHS4,000 (US$745) to GHS5,100 (US 
$950). The nonparametric Kolmogorov–Smirnov test for first-order 
stochastic dominance also shows that the CDFs of participants stochas-
tically dominate those of non-participants for cowpea yield and crop 
income at 1% level of significance. Based on the results, we conclude 
that conditional on observed characteristics, there is a higher proba-
bility that participants in a CATP will, on average, have higher yields 
and crop income than non-participants. 
4.3. Impact of training on welfare outcomes: ESR results 
Table 5 presents the full information maximum likelihood estimates 
of the determinants of participation in cowpea training (selection 
equation) and the impact of participation on adoption of climate-smart 
Fig. 2. Local polynomial regressions for trained and non-trained cowpea farmers.  
Table 4 
Distributional summary statistics for adoption, yield and cowpea income.  
Quintiles First Second Third Fourth Fifth 
Quintile Quintile Quintile Quintile Quintile 
Adoption (1/0) 
Trained 0.81 0.70 0.89 0.87 0.61 
Share (%) (20.88) 18.04 (22.94) (22.42) (15.72) 
Non-trained 0.81 0.69 0.68 0.45 0.00 
Share (%) (30.80) 26.24 (25.86) (17.11) (0.00) 
Cowpea yield (kg/ha) 
Trained 171.63 402.74 781.43 1261.98 1727.17 
Share (%) (3.95) 9.27 (17.98) (29.04) (39.75) 
Non-trained 61.17 420.05 785.67 1486.70 0.00 
Share (%) (2.22) 15.25 (28.53) (53.99) (0.00) 
Cowpea income (GHS) 
Trained 309.52 754.55 1208.07 1955.00 3396.73 
Share (%) (4.06) 9.90 (15.85) (25.64) (44.55) 
Non-trained 359.44 679.42 1165.23 1967.19 3561.84 
Share (%) (4.65) (8.79) (15.07) (25.44) (46.06) 
Note: Values in parentheses are in percentages. The row summation of the shares 
(percentages) adds up to 100. Exchange rate: US$1 = GHS5.37 (Bank of Ghana, 
2019). 
E. Martey et al.                                                                                                                                                                                                                                  
Technology in Society 64 (2021) 101468
7
Fig. 3. Propensity score density distribution and common support region for adoption.  
Fig. 4. Propensity score density distribution and common support region for cowpea yield.  
Fig. 5. Propensity score density distribution and common support region for cowpea income.  
Fig. 6. CDF of cowpea yield (a) and cowpea income (b) for trained and non-trained farmers.  
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cowpea variety, cowpea yield, and crop income (outcome equations). 
The correlation coefficient (rho_2) in the adoption model is statistically 
significant while that of the yield and cowpea income model is not 
statistically significant, suggesting heterogenous results depending on 
the outcome variable. The exclusion restriction variable, access to a 
Member of Parliament or politician, is statistically significant in the first 
stage model (participation in a CATP – Table 5), but insignificant in the 
outcome equations, thus satisfying the instrument relevance condition. 
The positive coefficient confirms the expectation that access to a 
Member of Parliament or politician increases the chance of being 
included in agricultural development projects. The falsification test 
established the admissibility of the instrument (Table A1). 
Results from the selection equation indicate that participation in the 
CATP is significantly influenced by age, household size, membership in a 
FBO, membership in a VSLA, farm area, and access to a Member of 
Parliament or politician. The age coefficient indicates that older 
household heads are more likely to participate in the CATP relative to 
younger household heads. Household size has a positive effect on 
participation in the CATP. Larger household size corresponds with 
higher food requirements. Thus, participation in the CATP equips the 
household head to make an informed decision that supports higher 
productivity and farm income. Membership in a FBO provides an op-
portunity for farmers to be part of development projects as most 
development organizations are more likely to work with farmer groups 
[4]. Several studies [33–35] have highlighted the critical role FBOs play 
in capacity building and adoption of agricultural technologies. Area 
under cowpea is associated with a higher probability of participation in 
the CATP. Farmers with a larger farm are more likely to experiment with 
new technologies gained from training on a portion of their farmland to 
verify the economic benefits. In addition, land serves as a proxy for 
wealth given that land is the main production asset for farmers [36,37]. 
Farmers with more land are expected to participate in agricultural 
training activities that provide information on modern inputs to enhance 
their yield relative to poorer cowpea producing households. Farmers 
who reside in Tolon, Savelugu, and Bawku Municipal districts are more 
willing to participate in cowpea training relative to farmers who resides 
Table 5 
Full information maximum likelihood results of the endogenous switching regression.  
Variable Adoption of climate-smart cowpea Cowpea yield (kg/ha) Cowpea income (GHS) 
Selection Non-trained Trained Selection Non-trained Trained Selection Non-trained Trained 








































































































































































































































































Access to Member of Parliament 0.546** 
(0.216)   
0.697*** 
(0.226)   
0.556** 
(0.231)   
Distance extension − 0.002 
(0.011)   
− 0.007 
(0.012)   
0.000 
(0.012)   


















rho_1  − 0.189 
(0.539)    
0.293 
(0.323)   
− 0.171 
(0.454) 
rho_2   − 0.960*** 
(0.023)  
− 0.104 




Wald chi2 73.91***   92.30***   103.21***   
Log likelihood − 262.28   − 2546.54   − 533.96   
LR test χ2(1) 21.42***   0.77   0.14   
Observations 319   320   320   
Notes: Adoption of climate-smart cowpea is a dummy variable (1 = adopters). Sigma is an auxiliary parameter (i.e. the square-root of the variance of the residuals of 
the endogenous switching regression model). Sigma (participants) associated with yield and income for participants are 0.0637 (0.055) and 410.991 (37.231) and 
sigma (non-participants) associated with yield and income for non-participants are 0.866 (0.042) and 423.438 (21.774), respectively. Figures in parentheses are 
standard errors. Exchange rate: US$1 = GHS5.37 (Bank of Ghana, 2019). ***p < 0.01 **p < 0.05 and * p < 0.001. 
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in the Nadowli District. Consistent with the findings and reasons of [36], 
districts that are more likely to participate in the cowpea training are 
located closely to national agricultural research systems and 
non-governmental organizations involved in research, training and 
advisory services to smallholder farmers. 
Table 6 presents the estimated ATT of participation in cowpea 
training on the adoption of climate-smart cowpea variety, yield, and 
cowpea income. Compared to the results in Table 3, the ATT accounts 
for selection bias due to observable and non-observable characteristics 
between participants and non-participants. The results show that 
participating in the CATP significantly increases the adoption of climate- 
smart cowpea varieties and cowpea yield (ATT) by 75% and 119 kg/ha, 
respectively. The result shows that trained farmers record an estimated 
adoption rate of 78%, whereas the estimated adoption rate for trained 
farmers had they not participated (counterfactual adoption) in the 
training is just 3%. Participants in the CATP report an estimated yield of 
888 kg/ha while the estimated yield for participants had they not 
participated (counterfactual yield) in the cowpea training is 770 kg/ha. 
The ATT’s value of 119 kg/ha represents a yield increase of 15%.5 The 
average cowpea yield of 888 kg/ha by participants under observed 
conditions is 63% of the average yield (1400 kg/ha) and 36% of the 
potential yield (2500 kg/ha) obtained from on-farm experiments [38]. 
For non-participants, the mean cowpea yield would have decreased by 
107 kg/ha had they participated in the cowpea training. The expected 
cowpea income for participants is GHS1,470 (US$274), and the ex-
pected income of participants had they not participated (counterfactual 
income) in the cowpea training is GHS1,182 (US$220). The expected 
income for non-participants had they participated in the cowpea 
training is GHS1,350 (US$251) and the expected income for 
non-participants had they not participated in cowpea training is GHS1, 
096 (US$204). The ATT indicates that participating in cowpea training 
increases cowpea income by GHS289 (US$54), which represents an in-
come gain of 24%. The results are consistent with the finding of previous 
studies by Ref. [18,36,39,40]. Based on the results, it can be concluded 
that the causal mechanism of higher welfare impacts of training is 
gained through high levels of adoption of improved cowpea varieties. 
Concerning the adoption of climate-smart cowpea varieties, the re-
sults show that base heterogeneity is negative for both participants 
(BH11) and non-participants (BH12), while the transitional heterogeneity 
(TH11) is positive. The TH11 suggests that the effect of adoption of 
climate-smart varieties is greater for households that participated in the 
CATP relative to those that did not participate. Concerning cowpea 
yield, the effect of the base heterogeneity is positive for participants 
(BH21) and negative for non-participants (BH22). BH21 suggests that the 
effect of cowpea training is larger for participants than non-participants 
had they participated in the cowpea training. BH22 suggests that the 
cowpea yield effect is smaller for participants had they not participated 
in cowpea training relative to non-participants had they participated in 
cowpea training. In terms of cowpea income, we observed that the effect 
of base heterogeneity for participants (BH31) is greater than the base 
heterogeneity effect for non-participants (BH32) and is positive for both 
participants and non-participants. BH31 indicates that the effect of 
cowpea income is larger for participants had they not participated in 
cowpea training relative to non-participants had they participated in 
cowpea training. Similarly, BH32 indicates that the effect of cowpea 
income is higher for participants had they not participated in the CATP 
compared to non-participants had they participated in cowpea training. 
The transitional heterogeneity effect is positive for both yield and 
cowpea income. This implies that the effect on cowpea yield and income 
are larger for households that participated in the cowpea training rela-
tive to those that did not participate. 
4.4. Robustness check 
The PSM and IPWRA estimates used as robustness checks for the ESR 
model are reported in Table 7. The results indicate that adoption of 
climate-smart cowpea varieties, cowpea yield, and cowpea income are 
significantly higher for participants compared to non-participants of the 
CATP. Participation in the CATP increased adoption, cowpea yield, and 
cowpea income by 17%, 175 kg/ha, and GHS410 (US$76.35), respec-
tively, using the nearest neighbor matching method. Adoption of the 
climate-smart cowpea variety, cowpea yield, and cowpea income 
increased by 12%, 176 kg/ha and GHS445 (US$83), respectively, for 
participants in the CATP when the kernel matching method is employed. 
The IPWRA estimates also show that participants in the CATP recorded a 
significantly higher climate-smart cowpea variety adoption, yield, and 
income than non-participants. Comparatively, the estimates of PSM and 
IPWRA are consistent with the estimates obtained from the ESR esti-
mation. The results indicate that our findings are robust to different 
estimation techniques. Finally, we conducted a heterogeneous impact of 
cowpea training, which is necessary for designing effective and well- 
targeted training programs for rural farm households. The analysis is 
reported in appendix B. 
5. Conclusion and policy implications 
Agricultural training programs remain one of the mechanisms for 
introducing and disseminating modern technologies to farm households. 
Several studies have highlighted the role of training on household 
welfare based on farmer field schools and farmer-to-farmer extension 
delivery. In recent years, CATPs are gaining popularity. These training 
programs require participating farmers to gain informal certification 
after completing a set of practices ranging from seed selection to post-
harvest management. However, there is limited evidence on the socio- 
economic impact of these intensive agricultural training programs. 
This paper makes an empirical contribution in addressing the paucity of 
information regarding the impact of intensive agricultural training ca-
pacity building in northern Ghana. Using farm household level data 
from the region and an ESR model, this study evaluates the impact of 
participation in cowpea training on the adoption of climate-smart 
cowpea varieties, yield and cowpea income. 
Table 6 
Average expected cowpea income and land productivity by training status.  
Sample Training decision Treatment effect 
To train Not to train 
Adoption (1/0) 
Trained 0.78 0.03 ATT = 0.75 (0.04)*** 
Non-trained 0.85 0.62 ATU = 0.23 (0.03)*** 
Heterogeneity 
effects 
BH11 = − 0.07 BH12 = − 0.59 TH11 = 0.52 
Yield (kg/hectare) 
Trained 888.21 769.59 ATT = 118.62 (53.20)** 








TH21 = 225.50 
Cowpea income (GHS) 
Trained 1470.40 1181.84 ATT = 288.56*** 
(110.85) 






BH32 = 85.76 TH31 = 35.03 
Notes: The numbers in parentheses associated with ATT and ATU are standard 
errors. Exchange rate: US$1 = GHS5.37 (Bank of Ghana, 2019). ***p < 0.01, and 
**p < 0.05. 
5 The percentage yield is computed as the ratio of the ATT (119 kg/ha) to the 
yield under the counterfactual scenario (770 kg/ha) and this is expressed as a 
percentage. 
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The results show that participation in the CATP is significantly 
influenced positively by age, household size, membership in a FBO, 
membership in a VSLA, farm area, and access to Member of Parliament 
or a politician. However, farming experience is negatively associated 
with participation in cowpea training. The result implies that future 
CATPs in northern Ghana must consider these factors in the selection 
process to ensure higher participation. 
Results from the ESR model indicate that after accounting for both 
observed and unobserved heterogeneity, participation in the CATP is 
associated with a positive effect on the adoption of climate-smart 
cowpea varieties, yield, and cowpea income. Gains due to participa-
tion in cowpea training on good agronomic practices are 75% for the 
adoption of improved cowpea varieties, 118.26 kg/ha for cowpea yield, 
and GHS288.56 (49.88 USD) for cowpea income. 
The positive effect of cowpea training on welfare outcomes implies 
that continuous support and scaling-up of agricultural training programs 
in good agronomic practices and commercial orientation will enhance 
greater participation and impact on the welfare of farm households in 
Ghana. Agricultural development programs that enhance participation 
in CATPs must be promoted and sustained beyond the duration of 
commissioned projects or programs. Creating awareness and elimi-
nating barriers to participation in CATPs can induce greater participa-
tion and enhance the adoption of improved varieties and welfare effects 
among farmers in northern Ghana. 
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Appendix A. Falsification test 
Table A1 
Test of the validity of the instrument (falsification test)  
Variable Cowpea training (dummy) Adoption of improved varieties (dummy) Cowpea yield (kg/ha) Cowpea income (GHS) 
Coefficient Robust Coefficient Robust Coefficient Robust Coefficient Robust 
Std. Error Std. Error Std. Error Std. Error 
Access to MP 0.559** 0.240 0.167 0.168 31.144 65.300 − 64.531 173.670 
Constant − 3.777*** 0.552 0.631* 0.149 838.234*** 165.703 689.953 365.460  
LR chi2(1) = 5.43** F value = 0.99 F value = 0.23 F value = 0.14 
Notes: MP refer to Member of Parliament. Exchange rate: US$1 = GHS5.37 (Bank of Ghana, 2019). ***p < 0.01 and **p < 0.05. 
Appendix B. Heterogeneous treatment effect of cowpea training 
Heterogeneous treatment effects 
Heterogeneous treatment effect over propensity scores 
Fig. B1 shows the variation of ATT for yield and income scores over the estimated propensity scores. The results show that the ATT for cowpea yield 
and income varies significantly with the propensity. Moreover, the slope is negative for yield and positive for income. The positive slope suggests that 
the effect of the CATP on crop income is stronger for households with the highest propensity to participate in cowpea training. On the other hand, the 
negative slope suggests that the effect of training on cowpea yield is lower for households with the highest propensity to participate in cowpea 
training. 
Table 7 
Propensity score matching and IPWRA estimate of cowpea training.  
Panel A Adoption (1/0) Yield (kg/Hectare) Cowpea income (GHS) 
ATT Robust Std. Error ATT Robust Std. Error ATT Robust 
Std. Err. 
IPWRA 0.165** 0.082 128.40** 61.44 551.36** 242.15 
Panel B Adoption (1/0) Yield (kg/Hectare) Cowpea income (GHS) 
ATT Bootstrap Std. Error ATT Bootstrap Std. Error ATT Bootstrap Std. Error 
NNM 0.165** 0.077 174.86** 87.66 410.30** 206.18 
KNM 0.121* 0.073 175.92* 97.26 445.22** 213.42 
Note: IPWRA is inverse probability weighted regression adjustment; NNM is nearest neighbor matching; and KNM is kernel matching. Exchange rate: US$1 = GHS5.37 
(Bank of Ghana, 2019). **p < 0.05 and * p < 0.001. 
E. Martey et al.                                                                                                                                                                                                                                  
Technology in Society 64 (2021) 101468
11
Fig. B1. Heterogeneity of treatment effects over propensity scores.  
Heterogeneous effects of cowpea training over household characteristics 
Despite the positive impact of participation in the CATP on the welfare outcomes of rural households, we argue that welfare indicators may differ 
among different farm households. Understanding the heterogeneous impact of cowpea training is necessary for designing effective and well-targeted 
training programs for rural farm households. Following the approach by Refs. [33], we used the ATT of individual outcome variables (adoption, yield 
and income) as a dependent variable in an OLS regression and ascertain how socio-economic characteristics explain variations in the estimated ATT. 
The results are reported in Table B1. 
In terms of the adoption of climate-smart cowpea varieties, we find statistically significant differential effect of the CATP among treated households 
with respect to age and residence in Savelugu, Yendi, Bawku Municipal, and Binduri districts. The results indicate that cowpea training exerts a lower 
effect for older farmers and farmers located in these districts. The estimated OLS results show that to a large extent, the CATP has heterogeneous effects 
given that membership in a VSLA, district dummies, and access to a Member of Parliament or a politician significantly influence the estimated ATT for 
cowpea yield among the treated farm households. The results indicate that being a member of a VSLA reduces the probability of benefiting from 
cowpea training. However, access to political figures and households who reside in Savelugu, Yendi, Bawku Municipal, Binduri, and Wa West districts 
benefit most from cowpea training. This suggests that increasing farmers’ access to agricultural training can maximize cowpea yield. With respect to 
cowpea income, we find a statistically significant differential effect of cowpea training among treated households with respect to sex, household size, 
farming experience, member of a VSLA and member of a FBO. The results show that male-headed households and farmers who have several years of 
experience in cowpea farming benefit most from the CATP. This implies that identifying experienced cowpea farmers and using them as model farmers 
in technology dissemination may result in higher impacts on income.  
Table B1 
Heterogeneous treatment effects of cowpea training  
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Table B1 (continued ) 













Observations 109 109 109 
R-squared 0.360 0.372 0.349 
Note: The dependent variable is the ATT of each respective outcome indicators. Robust standard errors are in parentheses. 
Exchange rate: US$1 = GHS5.37 (Bank of Ghana, 2019). ***p < 0.01, **p < 0.05, and * p < 0.1. 
Appendix C. Supplementary data 
Supplementary data to this article can be found online at https://doi.org/10.1016/j.techsoc.2020.101468. 
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